This paper applies a new clustering approach for identifying and segmenting motion in image sequences. We estimate a matrix whose entries represent similarity probabilities between local motion estimates. We adopt a two step iterative algorithm which consists of a variant of the expectationmaximization algorithm for segmenting regions with similar motion. The proposed algorithm updates cluster memberships in one step while it maximizes the expected loglikelihood in the second step. The performance of the algorithm is improved greatly by the use of modal sharpening.
INTRODUCTION
There has recently been considerable interest in the use of probabilistic methods for motion segmentation and analysis. At the segmentation-level several authors have exploited the apparatus of Markov random fields [l]. For instance, Konrad and Dubois have developed a maximum a posteriori probability framework for simultaneous motion estimation and moving object segmentation [2] . Another approach is to model the motion field using radial basis functions [3] . This approach relies on the similarity in motion, grey-level and location among groups of pixels from the image sequence. Other authors including Maclean and Jepson [4] , Black and Anandan [5] , and Adelson and Weiss [6] have used the EM algorithm [7] to detect independently moving objects. One of the problems which hinders the previous approaches to motion analysis is that of defining motion coherence. Most approaches adopt a model based on central clustering and incorporating motion coherence is not a straightforward task. An additional difficulty encountered with these approaches is that of controlling the number of motion components. In the case of the EM algorithm, the set of moving objects is represented using a mixture model and the order of the mixture model is equal to the number of moving objects in the scene. Moreover, we describe a maximum-likelihood framework in which we detect moving objects by performing pairwise clustering on a set of motion vectors. We commence from an initial characterisation of the motion structure using an adjacency or link-*Supported by CONACYT, under grant No. 146475/151752 0-7803-6725-1/01/$10.00 02001 IEEE weight matrix whose entries are calculated from the scalar products of local motion vectors. These motion vectors are obtained using the block matching algorithm. The number of clusters, i.e. different moving objects, is controlled using the set of same-sign positive eigenvectors of the link-weight matrix. This is an idea that has its roots in spectral graph theory [SI. Similar 13 have used ideas from spectral graph theory to find disjoint subgraphs of the adjacency or link-weight matrix.
Our novel contribution here is to cast the spectral approach into a probabilistic setting. Starting from a model in which the cluster-memberships follow a Bernoulli distribution, we develop a dual-step approach to moving object detection. This dual-step algorithm is closely akin to the EM algorithm [7] . In the E-step we update the cluster membership probabilities. In the M-step we locate revised link-weights which maximize the expected log-likelihood function. The algorithm iterates until convergence. In this way we group motion blocks on the basis of the similarity of their velocity vectors, rather than their proximity to the centre of a cluster.
COMPUTING MOTION VECTORS
To compute motion vectors we have employed a single resolution block matching algorithm using spatial/temporal correlation [12] . This kind of block matching algorithms are based on a predictive search that reduces the computational complexity and provides a reliable performance. The drawback of the single resolution scheme is that at high resolutions the motion vector map appears noisy but captures complex motion while at low resolution the motion vector map appears much less noisy but looses a lot of information about random or complex motion. As a result, for the last several years multi-resolution block matching algorithms have been studied due to the fact that they provide a good motion prediction performance and reduce the computational complexity. One of the major problems with the multi-resolution block matching is that the motion estimate for sequences with random motion degrades significantly.
To overcome this problem we have used a single-resolution block matching algonthm with a hierarchical motion segmentation Complex or random motion can be detected because a full search is made and then the motion is segmented using a robust statislical method
SEGMENTATION BY MATRIX FACTORIZATION
We pose the problem of grouping motion blocks into coherent moving objects as that of finding pairwise clusters. The process of pairwise clustering is somewhat different to the more familiar one of central clustering. Whereas central clustering aims to characterise cluster-membership using the cluster mean and variance, in painvise clustering it is the relational similarity of pairs of objects which is used to establish cluster membership. Although less well studied than central clustering, there has recently been renewed interest in painvise clustering aimed at placing the method on a more principled footing using techniques such as meanfield annealing [ 131.
To commence, we require some formalism. The 2D velocity vectors for the extracted motion blocks are characterised using a matrix of pairwise similarity weights. Suppose that ne and no are the unit motion vectors for the pixel blocks indexed CY and p. The elements of this weight matrix are given by
The aim in pairwise clustering is to locate the updated set of similarity weights which partition the image into regions of uniform motion. To be more formal, let V denote the index-set of the delected motion blocks in the image and suppose that R is the set of pairwise-clusters, i.e. distinct moving objects, to which these blocks are assigned. The initial set of clusters is defined by the eigenmodes of the link-weight matrix lY(O). Here we follow Sarkar and Boyer Suppose that SE is the probability that the motion block indexed CY belongs to thc cluster indexed w at iteration n of the algorithm. Under the assumption that the cluster memberships of the motion blocks follow a Bernoulli distribution with the link-weights as parameters, the likelihood-function for the weight matrix W is given by ( 2) The corresponding log-likelihood function is
We have recently shown how this log-likelihood function can be iteratively optmised using an EM-like process. In the E (expectation) step, the cluster membership probabilities are updated according to the formula Once the revised cluster membership variables are to hand, then we apply the M (maximisation) step of the algorithm to update the similarity-weight matrix. The updated similarity-weights are given by WER These two steps are interleaved and iterated to convergence.
HIERARCHICAL MOTION SEGMENTATION
To overcome the noise in motion estimation process introduced by the block matching algorithm we use a multiresolution approach. First, we simultaneously obtain the motion vector map U, sampled with block size 2k and the high resolution motion vector map u h sampled with block size k. Second, we segment the map Ul using our algorithm in order to obtain the number of clusters 1 0 1. Finally, we cluster the high resolution motion vector map u h extracting the first I R I clusters.
The structure of the hierarchical system can be seen in Fig I. 
EXPERIMENTS
We have conducted experiments on motion sequences with known ground truth. In Figures 2a and 2b we show ground truth data for the "Hamburg taxi" and "Trevor White" sequences. The images show the distinct motion components for the two scenes. The corresponding raw images are shown in Figures 2c and 2g . In both sequences, the low-resolution uses 16 x 16 pixel blocks to perform motion correspondence and compute the motion vectors; for the high resolution motion field the block size is 8 x 8 pixels. For the "Hamburg taxi" sequence the low-resolution motion field provided by the block matching algorithm is shown in Figure 2d and the high resolution motion field is shown in Figure 2e . In Figure 2f we show the painvise clusters obtained by applying our EM-like algorithm. There are 3 clusters which match closely to the ground truth data shown in Figure 2a . In fact, the three different clusters correspond to distinct moving vehicles in the sequence. Figures 2h and 2i show the corresponding low and high resolution motion fields for the "Trevor White" sequence. The motion segmentation is shown in Figure 2j . There are three clusters which correspond to the head, the right arm, and the chest plus left arm.
These clusters again match closely to the ground-truth data. It is interesting to note that the results are comparable to those reported in [3] where a 5 dimensional feature vector and a neural network was used. The proposed algorithm converges in an average of four iterations.
In Table 1 we provide a quantative analysis of these results. The table lists the fraction of the pixels in each region of the ground truth data which are mis-asigned by the clustering algorithm. The best results are obtained for the "Trevor White's" chest-region, the taxi and the far-left car from the "Hamburg Taxi" sequence, where the error rate is just a few percent. For the far-right car and the head of the Trevor White, the error rates are about 10%. The problems with the far-right car probably relate to the fact that it is close to the periphery of the image. In Figure 3 we show the initial and the final link-weight matrices for the "Trevor CaEV si : ) for each cluster w as function of iteration number n. This plot shows that the cluster memberships converge in about 4 itcrations.
Finally, in Figure 4 we show the total cluster mass &) =
CONCLUSIONS
We have described a motion segmentation algorithm when using a maximum likelihood framework. The proposed algorithm clusters regions using local motion similarity. We define a log-likelihood function assuming Bernoulli distributions for the individual link-weights. The proposed cluster membership updating algorithm is a dual-step iterative algorithm similar 1.0 expectation-maximization. In the first step it calculates the cluster-membership while it maximizes the log-likelihood in the second step. Results obtained in a hierarchical motion segmentation implementation have proved to be accurate.
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